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ABSTRACT

Recently, network embedding methods employing
deep learning have been introduced in the field of
network science, and are shown to perform more
effectively than conventional methods in the sense of

solving downstream machine learning tasks such as

node classification, link prediction, and so forth. In
this letter, we propose a method that applies the
expectation maximization (EM) algorithm to network
embedding to improve the accuracy of link
prediction. The superiority of the proposed method is

shown in terms of AUC.
.M 2

71Ee] M ESIZ A7 Eolelx = vIEA]ZE £
3171 #18ted vIES| = 914 (topology)oll 71RIgE 4]
WS el shle B, o)A =) 5 7] W
wo] 2ojgich B $Atel] 7uigk B vE
H=e] <A AHeiE AxHor, JdL g
WS oA e Akl S4E Sl vlE = Hok

4

o] tiefgt vl ER 7]A 7
o} 22 Axks 28 93k A ug A-8-S x33}
= Ao, A= Q] i 7271 A AA
WEHZE A dx3hA] Stk Aol dAE A
1‘/]_1;],[1]'

22 slede] WAld gle] MEY = A7 Eof
A= oFzle] o] ol =], HIES A M 7]&0]
vl2 TAlelch UEQ A dudelqt k= 5, =
A5 5 thr~EY] 7A g 885 3] Sl
WENZ A} ARE e 3t AR )
B3} ZAS He) olE Bol B &4 vide] o
oA AMEAIEE] dH #AYY HaE wig=cta 7}
AP, IA AR EHE] w1 H3ks 7R AR
58 TAEIAY 4 IA) o)L g A2 §
Zolge 59| do] YEY= guddolghe 7
7715 58 o] 2R shsszich vES
AHE 712 zkede] A HolellA] Ak A=
W (word embedding)” ole|t]o] S A48 v E
=Z gy el DeepWalkm% Alzbo 2 tleksl
[HEe] A=l o gl
712 FHshs WA wet ohge] 2 7|

743l A5 E 5 ek A, Folxl vES=
FxelM R ke AFAES FEIE Ud ¥

o o mju o

A (T A

N, o
o
[t

45

.u_z

2

# 2 ATE 20179 E ARG 2] AdeR TR A& ol aE 7] 27431 (2017R1ID1A1A09000835) .
¢ First Author : (ORCID:0000-0002-1843-2763)Department of Mechanical Engineering, Yonsei University, afterthougt@ gmail.com,

LRER

wyshin@dankook.ac.kr, 413]%]

Corresponding Author : (ORCID:0000-0002-6533-3469)Department of Computational Science and Engineering, Yonsei University,

* (ORCID:0000-0001-9467-4978)Department of Computer Science and Engineering, Dankook University & Department of
Computational Science and Engineering, Yonsei University, trancong208@ gmail.com, 343]<]
F=rHE 1 201907-123-B-LU, Received July 2 28, 2019; Revised September 7, 2019; Accepted September 16, 2019

2123

www.dbpia.co.kr



The Journal of Korean Institute of Communications and Information Sciences ’19-11 Vol.44 No.11

= (random walk) WS AREsle] 72 = A]F 2o
= ude AL 7142 DeepWalk"'e}
node2vec™lo] Aot} tleo= LﬂE Az g =
= 7ol olAdgt A% (proximity)E AT oJH k=
o] AAE FHY- E (context) S £l L o] A
AL getals 7148 LINE®'#} GraRep'® 5o] 9Jch

A7) MEHZ 9 7Ee BT SSH0EE
thEEq] 7A g S8 TAlE Folvir] Q' A
A2l g oezn] 78] UEY]Z EofellA] 1A
G5 A3l v ES =z mdE] walae de], o
A vEST P25 A2 W Frror aabA
o2 WG = vk Aol A7t g vze] F3b
ZHelA] o] o] Asirt £ HE A= flellA 7]
%3} tfeAET 7)) 5 S8 = Folzl vEY =
Fx2RE A 83 22U g3 9= &+
Aol 245 2Tk

Fhl, 2] AR 22l TAZ Fi b 2o
A 7R ZHgk #vE el ] glrk )
Ak HAdisl dae]Folat o3l dleolelr) w3 7}
S3faL o]} WASA Tl oW Hrrt IHEAE R
oto} ZHAHal A9 o] Huo] Flx TG vl
FA A ARSERE HbE darejgelvl Z)HFk 2 dist
dye]=e] ZF ukE- 3442 E-stepd} M-step & 1}
=, E-stepoﬂﬂ% A ARl tigh AL EEo
=549l 3RS AAKEL M-stepellAE o] 3Rk
A s}sle] AAlsHA =k

B AR sl P Ao 9
WHEE ARgEle] 71Uz 2t daelse] =
&3 ‘j/]i EA| o3¢ o|F AHEEE AL
WP ARl AR Pl A AEE )
| $18] 25 5 Az A5s SAshHs 23
3 ROC (receiver operating charateristic)®] o}zl #
3] AUC (area under curve)s AHE3IT) o]7]ol|4]
ROCE TPR (true positive rate)Z} FPR (false
positive rate)ZFe] AATAIE vehd =2 o] uf
TPR-Z actual positiveol] &} true positive] B]-&-2,
FPR-& actual negativeoﬂ i3} false positivei’f] EIE=S
& ofelaick A9 Aok i BE ol 0

o]

[e]

o _Il)ll

21

N

L

A8 357} Z7)8ke) ulel AUC S|4 8= o=
Aso] kS el
II. 4=

Foizl A vEYa G=(V, E)9 7% AR
23E A w32 CdESshe oReaed AR

2124

T Ao RHE 753 BE x5S
f-;pg_ 21§ LJJF HAE A5ko 2 k) ol 2 3=

2
_(
rN

LA o= HlAE AR ) W32l A Hefsl BhE
2 &9l 7Fssiek

$elE Yole) T e Ajolol Yok EAle e
S drw 2 YU PR o] WA oS5 i
¢ e RV Viey gey =) 19) w2 2713 A
of| 4] ElE 4= gl%o], 27| BA of|& M4E A9
37] 98 viEY = G=(V, E)2 A sgeéo] u|
9j2 e 13] A2 B8 ALssted, o1
o]uﬂr:lt T o]uﬂr:l—v]_ o/L;q Ohﬂ] ], _—l‘j/k]—,_ ao:—i 01]
23 28 Be A s4S 23 7| AIEs w2
A|2~8 #]9] (logistic regression) A2 A%} 7t

H Aael|x] NV3e] Salel AEee falshs
o, A=e) = ouly) 3] qlEe 9= o3 W
62 7t 1z00l] ThEo] Wl ZIpo] AP Ba QL ol
A PAe AR o714 (1 < i < N)ws) A
zo| qluedo] Pleue 4 A PHL o)), iw
A AZe] PuelL 73] Eﬂ*E A% ) Pase) =
A 27 sragke] ke Vel gejeta, 2 a4
ollr] thee] $wE Hdjslsls AAs BAE 1
==

N ]

Y ogp(al; ¢) o)

i=1

Mﬂ L] ool =1 %

= skl 1‘41*1 (1)4 s} Lg 2 zls w
& A 207 54 px Q)% ke 9
o (1) oheet o] EHE & qlek

N
Z Ing(agf)a ¢)

7—1

= ZlogZp a; ), 20: )

i=1
Y p(al, 27;¢) )
- ZlOgZQ W

i=1 L0
N p(%s ) (i 7¢)
o] uwi, ¥5A2 Jensen H541& wWErh
Q") =p("Na);¢) 7 F1 @) sk o
L3} zro] A=) 4 9l

www.dbpia.co.kr



= 71E AdE dxEES A4 vES= oded JE "2 HS

Current network Node Embedd Edge Embedding
G=(V,F) | NodeBmbedding | —————1 & My Classifier g

Link predictive para
»©

Node Embedding

ecta
g Edge Embedding | Average
Node Embedding ML Clessifier ) Link
¢

Edge Embedding
Node Embedding | ——— | ¢ 01 Classifier

—

O 1. AR daelge] BEE
Fig. 1. Block diagram of the proposed algorithm

=
bS]

Z_ (0, 21 )
i;;@(»z( ))IOgW

5 ) IECPIPMELL KL
1717 p(z(”laf;);qb)

Nogp(al; 6).

w}aw 71%} 23} baelEe] A4 A 7
= opes} gro] gokdr).

(E— step) fE Axkait,

616" =B, llogp(al’; ).

(M— step) ¢p= 73418k

¢! "V = argmax, f(¢]¢").

E-stepell A= o141 uke A5 ¢t 2re) o v
B9 B F DAL AHglel A Gz 2
5 FA5H, M- step°ﬂ‘1L SRR K
o'V ellA S15hed Y= ol
sejue] ¢ 7y Lv&u}. o= 1% 19] shat 7|z
# 3} wAolA BHlat 5 gl

m 4o &
B3 A5 Ae FAHS A% dHelelers
Karate network®} Dolphins networkE AR8-3tcl 7+
Zke] VB4 7 = Alelel] EAske HAE
positive edge, 1% %] %2 #ZE negative edgez}
s} zHzke] ol X]B“J—___ st 21513} gl AE 251
Hlgo] 827} HEE do[eAls g
e gy Homé_it node2vec”™ 71H-g A&
sh=dl, slel=izlebr|e] (hyperparameter)e] #e]E
%3 random walk Wl biasE- 7}sle] Fo121 v E
Al = ARAE FE3, o7l $= Sl
D][Z] H]—H-‘ = XJ.Q_‘GI- 7]H4o]1;} j}_ﬁ]— a‘]_o]_ﬂ)}-a]ﬂh—j

24 xxo] B4 wWEle] 219 d = 16, random walk
9] o] [ =10, 4 == % random walk 5= r = 20

A2 93 A E 2 ROC A1 ol wAgl
AUCE o]-&3lt} 13 29} 13 38 717} Karate
network2} Dolphins networkel w3l v-5- ]3] 314~
7k A7k 1, 3, 59 W, AE o] S7tell whE AUCE
wolZrh 1 7, W A 5142] Z7h Y AE
o] Z7tell wet "= o5 Asel 79k st &
2= #8314 9 7]E node2vec W (Initial)
oiu] 2 5% Ax PdEE S B 5 gled, 54
=4

o,
ofr
_|1Nv
O.l.z

HHEE AR Sl 2 5 AE e < o) el 23}
o] dolag Felasict
0.765
0.760
v 0.755 4
g
]
2 0.750 4
0.745 —m— Initial
Iteration 1
—&— Iteration 3
07407 —e— Iteration 5

R

T T T T T T
8 10 12 14 16 18 2
Number of embedding samples

S
o

2l 2. Karate networkells] ¥ AZE o] w2 AUC
score

Fig. 2. AUC score according to the number of
embedding samples in the Karate network
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